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ABSTRACT 1 
Determining the purpose of trips is a fundamental information to evaluate travel demand during 2 
the day and to predict longer-term impacts on the population’s travel behavior. The concept of 3 
tours is the most suited to consider the value of a daily scheduling of individuals and travel 4 
interdependencies. However, the meticulous care required for both collecting data of high quality 5 
and interpret results of advanced demand models are frequently considered as major drawbacks. 6 
The objective of this study is to incorporate into a standard trip-based model some inherent 7 
concepts of activity-based models in order to enhance the representation of travel behavior. The 8 
main focus of this work is to infer, employing utility theory, the trip purpose of a population, at a 9 
zonal level. Making use of Markov Chain Monte Carlo, a set of parameters is estimated in order 10 
to retrieve tour-based components of the demand. The main advantages of this methodology are 11 
the low requirements in terms of data, as no individual information is used, and the interpretability 12 
of the model. Estimated parameters of the priors characterize a utility-based probability function 13 
for departure time, which allows to have a dynamic overview of the demand. In order to account 14 
for the tour consistency of travel decisions, an activity duration constraint is added to the model. 15 
The proposed model is applied to the region of Luxembourg city and the results show the potential 16 
of the methodologies for dividing an observed demand, based on the activity at destination.  17 
 18 
 19 
 20 
Keywords: Markov Chain Monte-Carlo, Travel Demand Estimation, Utility Theory, Trip Purpose, 21 
Tours, Activity-Based Models 22 
  23 
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INTRODUCTION 1 
 2 
The inherent complexity of people’s mobility needs has direct consequences on understanding and 3 
modelling their travel behavior. Driven by this reason, sophisticated demand models emerged 4 
during the last decades (1) to tackle this issue. While traditional trip-based models (TBM) currently 5 
remain widely adopted to forecast travel demand (2), they provide a coarse representation of the 6 
demand, which makes them inadequate for planning purposes (3). The main problem is that, while 7 
researchers agree that travel needs raise from the demand for activities and services (4), 8 
conventional TBM do not account for trip-purpose (5). This weakness is however offset by the 9 
ease of application and the reasonable approximation of traffic flows. Furthermore, trip-based 10 
origin-destination demand flows are the dominant input for advanced dynamic traffic assignment 11 
models (DTA), which are the most established tool for planning, optimizing and managing 12 
transportation networks (6). 13 
 14 
To compensate for these limitations, the last decades have witnessed intensive research efforts in 15 
developing Activity-Based Models (ABM) and tools capable of representing individual mobility 16 
on large scale systems (7). Theoretically attractive, they propose an in-depth representation of the 17 
demand but tend to be harder to apply (8). In fact, in order to handle the linkage among various 18 
activity-travel decisions, this family of models usually rely on synthetic agents, reproducing a 19 
population usually based on a sample. When the synthetic population is well-representative of the 20 
real one and consistent, the model will provide more reliable results (9). That quality depends on 21 
highly precise and detailed information which is usually hard to gather both because of availability 22 
and privacy issues (10). Even though new methods which are not sample based appeared (10), this 23 
step of creating a realistic population is crucial (11).  24 
 25 
The goal of this paper is to introduce some of the distinctive characteristics of ABM (12) within a 26 
classic TBM representation of the demand, using advanced sampling techniques. This large variety 27 
of methods has been applied since years and for diverse use in transport modelling (13): from 28 
synthetic population (14) and qualification of agents in disaggregated models (15) to traffic 29 
modelling (16) for instance . We use it here in order to refine the typical representation of the 30 
population without the burden of collecting extra data. Specifically, we show that it is possible to 31 
heed inter-dependencies between trips considering tours and inserting a utility-based departure 32 
time choice model (17). To do so, the global daily demand is separated into a number of functions, 33 
each of them being one component of a home-based tour.  34 
 35 
By including daily activity patterns within a flow-based demand model, the proposed methodology 36 
enhances the representativeness of the demand and the consistency of traffic flows in time and 37 
space. Including utility-theory in the model presented in (18) allows to have a better 38 
representativeness of the estimated parameters and thus to refine better the information. The 39 
objective of this study is to see in which condition, adding such a meaning helps achieving better 40 
results and enhances the behavioural interpretation. A case study on a synthetic database for the 41 
city of Luxembourg is used to validate this model. We show that attracted and generated demand 42 
can be represented through tour-specific flows and that purpose-dependent macroscopic demand 43 
can be identified.   44 
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BACKGROUND 1 
 2 
Travel demand models can be classified in two main groups, named ABM and TBM in the 3 
following of this paper. We discuss strength and limitations of both families and describe briefly 4 
how they consider trip purposes and activity chains. In addition, a glimpse to trip purpose inference 5 
in the era of big data is proposed.  6 
 7 
By nature, the main goal of Activity Based Models (ABM) is to model activity-travel patterns. 8 
Timmermans at al. (1) distinguishes four main types of ABM, which are: (i) constraints-based, (ii) 9 
utility-maximizing, and (iii) computational process and (iv) microsimulation models. A first 10 
attempt to use utility-maximizing theory to derive tours and stops during a day for a household is 11 
proposed in (19).  Various formulation and classes of utility have been developed since then: they 12 
may be function of time of day or function of the duration of the activity, the utility often considers 13 
the benefits gained by doing an activity but also the disutility of travelling towards it. Individuals 14 
aim at maximizing this relation (20).  15 
 16 
The aforementioned utility-theory has already been put into practice in the context of Trip-Based 17 
Models (TBM). Specifically, some authors showed that it is possible to include purpose 18 
specifications within a departure time choice model to obtain a stronger behavioral 19 
representativeness (21). After calibrating the utility-based departure time choices through sample 20 
data, some authors proposed to use this approach to model activity scheduling and trip-purposes 21 
within conventional flow-based representation of the demand (22). The care on activities and 22 
scheduling often settles inside a combined estimation of various travel choices for adding 23 
consistency inside flow-based models. As for the concept of tours, it allows to account for activity 24 
durations (23) and simultaneously model both morning and evening commute departure times, 25 
with an activity-based vision of flows (21). The inclusion of activities inside dynamic origin-26 
destination (OD) matrices can also result from processing spatiotemporal information of individual. 27 
Alexander et al. (24) use for example mobile phone data to reconstruct purpose-dependent matrices 28 
after identifying activity type and location, based on call detail records (CDR) and using them 29 
instead to traditional travel surveys.  30 
 31 
This application of big data collection, belongs to the family of OD matrix derivation. However, 32 
because most big data don’t usually give information about the activity performed at the end of 33 
the trip (25), a lot of searches have been done to estimate activity types at destination. Many 34 
sources of information are used to this end. GPS data (26, 27) which are either be collected through 35 
data loggers inside private vehicles (28) or taxi trajectories (25), automated fare collection, notably 36 
smart card (29) or mobile phone data (30) are examples of those. All of them containing rich spatial 37 
information, many methodologies are based on the trajectory analysis conceptualized by (31). Yet, 38 
various other information is included in order to complete the insight of the trips. Most of them 39 
identify points of interests (POIs) and link the trajectory to spatiotemporal information. Both time 40 
and duration of the stop help to distinguish an activity performed at the POI (27). These 41 
methodologies, even though they apply to passive collection methods, rely on many additional 42 
information which can either be included in the collection method, like fare card type (32) and 43 
observation frequency (24), or external, like household surveys (30, 33), OD data and weather 44 
information (34). 45 
 46 
Even if the methodologies apply to various modes of transport (taxi, public transport, private cars) 47 
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they always keep a microscopic approach, focusing on agents and relying on individual’s 1 
information. A related issue is that those users are not representative of the whole population and 2 
that few of their characteristics are observable (35). 3 
 4 
MODEL FORMULATION 5 
 6 
The proposed methodology leverages a Markov Chain Monte Carlo (MCMC) to calibrate a utility-7 
based departure time choice model and derive purpose-dependent OD flows. Concretely, the flow 8 
towards and from a specific Traffic Analysis Zone (TAZ) is divided according to the activity at 9 
origin and destination, over a day, without distinguishing individual users. 10 
   11 
Utility-based departure time choice model 12 
We assume that the departure time choice is made according to a chain of scheduled activities for 13 
which a time and a place is preferable. Following the general framework proposed in (20), we 14 
define the overall utility as the sum of two components: 15 
  16 
𝑈 = (𝑈𝑇 + 𝑈𝐴) (1) 
 17 
Where 𝑈� is the overall utility during the reference time period (e.g. a day), 𝑈𝑇 represents the 18 
disutility of travelling and 𝑈𝐴 the utility of performing one or more activities “n”. In this paper, 19 
we only use the positive element of this formulation, which can be calculated as 20 
 21 
𝑈𝐴 =∑𝑈𝐴,𝑛
𝑛
 
(2) 
 22 
Where 𝑈𝐴,𝑛 is the utility of performing a certain activity n and it is usually formulated as a time-23 
dependent function, so that utility associated to a certain time interval t can be mathematically 24 
calculated. This means that users will choose a departure time that maximizes the utility derived 25 
from the activities defined in their schedule (17) as in the following equation. 26 
 27 
𝑈𝐴,𝑛(𝑡) =
𝛾𝑛𝛽𝑛(𝑈𝑛
𝑚𝑎𝑥)
𝑒𝑥𝑝[𝛽𝑛(𝑡 − 𝛼𝑛)] + (1 + 𝑒𝑥𝑝[−𝛽𝑛(𝑡 − 𝛼𝑛)])𝛾𝑛+1
 
(3) 
 28 
Where 𝑈𝐴,𝑛(𝑡) is a function of the following parameters: 29 
 𝑈𝑛
𝑚𝑎𝑥 : maximal utility accumulated for a determined activity; 30 
 𝛼𝑛 :  position on the temporal axis; 31 
 𝛽𝑛 : variance around the saturation point; 32 
 𝛾𝑛 affects the position of saturation. 33 
Figure (1) shows the influence of the four parameters of the utility function: they are the central 34 
element of the model.  35 
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 1 
FIGURE 1 Effect of the parameter (a) Umax (b) alpha (c) gamma (d) beta 2 
In the context of a tour-based estimation, the total utility is calculated according to the equation 3 
(4), where we can see that the total utility is derived from the integrals of all three curves, in 4 
function of the limits set by a pair of departure and arrival time (expressed in minutes). 5 
 6 
𝑈(𝑡1, 𝑡2) = ∫ 𝑈1
𝐴
𝑡1
0
(𝑡)𝑑𝑡 + ∫ 𝑈2
𝐴(𝑡)𝑑𝑡
𝑡2
𝑡1+𝑡𝑡
+∫ 𝑈3
𝐴(𝑡)𝑑𝑡
1440
𝑡2+𝑡𝑡
 
(4) 
 7 
In order to translate the utility and the departure time choice into a probability, a multinomial Logit 8 
is used as in the following equation, where 𝑈𝑘 is a generic marginal utility calculated for a pair of 9 
departure times.  10 
𝑃𝑘 =
𝑒𝑥𝑝(𝑈𝑘)
∑ 𝑒𝑥𝑝(𝑈𝑗)𝑗
 
(5) 
 11 
 12 
The MCMC - Markov Chain Monte Carlo 13 
Given the departure time choice model, the main idea and contribution of this work is to use a 14 
Markov Chain Monte Carlo (MCMC) approach to calibrate the parameters of its utility functions 15 
without using a sample dataset. In practice, we consider that a group of curves can fully describe 16 
a tour of activities, i.e. a set of trips where the origin and the destination are located at the same 17 
place. Then, our approach exploits the MCMC model to estimate optimal parameters of these 18 
curves that best fit the observed OD flows. Without entering into details, it is important to stress 19 
inputs and assumptions behind this algorithm before introducing the activity identification step. 20 
The first assumption of the model regards the number of activities and tours to be considered i.e. 21 
the number of probability curves considered as primitives to the complete demand. For each of 22 
these probability curves, a probability function 𝑃𝑘 and – in case of a utility-based departure time 23 
choice model – a function 𝑈𝐴,𝑛(𝑡) are also required. This is the first strong assumption of the 24 
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model as the result will be tied to the chosen format. The selected form can be of different type for 1 
each component. Once the shape is selected, the number of parameters to estimate can be 2 
calculated. A given distribution is controlled by a given amount of factors. Among those, some can 3 
be known and fixed, other will be the concern of the estimation. In any case a starting value is 4 
selected.  5 
Then the link is chosen to combine these curves together. The weight of each activity can be given 6 
by an a priori proportion or by the number of users, estimated in the procedure.  7 
 8 
The last assumption, which is of very high importance, is the prior of each parameter of interest, 9 
defined in the previous step. As the name suggests, the prior is the a priori information which 10 
describes the degree of knowledge we have about the values and our belief about the distribution. 11 
Again, this probability curve is different for each of the parameters to be estimated and its form 12 
will influence the possible variations. If the prior is very informative, e.g. when it has a narrow 13 
distribution around a specific value, the result will be very dependent to the initial knowledge. 14 
Otherwise, the end value will be influenced more by the observed data. 15 
 16 
Indeed, the prior �ℙ(Θ) is used in the Bayes formula (6) together with the likelihood ℙ(𝑥/Θ) in 17 
order to calulate the value of each parameter for every iteration the posterior�ℙ(Θ/𝑥), based on 18 
both observed data and parameters’ values. 19 
 20 
ℙ(Θ/𝑥) �= �
ℙ(𝑥/Θ).ℙ(Θ)�
ℙ(𝑥)
 
(6) 
 21 
 22 
The MCMC in practice 23 
Once all these parameters are fixed, the goal of the MCMC is to reconstruct the probability 24 
distribution, based on event observations. At each iteration of the sampling, a new distribution is 25 
proposed. A set of variables is selected and the function obtained is used for calculating the 26 
likelihood. Then a confrontation between the current and proposed values results in the updated 27 
parameters. In this application, the evidences consist of the observed traffic flow by time of the 28 
day and the likelihood is calculated based on the aggregate output of the MCMC.  29 
 30 
𝐿𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑 = �∑
−1
2
(𝑃𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑 − 𝐷𝑒𝑚𝑎𝑛𝑑)
2 
(7) 
 31 
The complete score is in this case:  32 
 33 
𝑆𝑐𝑜𝑟𝑒 = �
𝐿𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑
𝑊𝑒𝑖𝑔ℎ𝑡
+�∑ log(𝑁(𝛼)) +∑log(𝑈(𝛽)) +∑log(𝑁(𝛾))
+∑log�(𝑁(𝑈𝑚𝑎𝑥)) +∑log�(𝑁(𝐷𝑒𝑚𝑎𝑛𝑑)) 
(8) 
 34 
The result consists of the likelihood together with the plausibility of the selected parameters with 35 
respect to the form of their prior. It can be noted that in this formulation the likelihood is weighted. 36 
The reason we added this factor is to balance the effect of the observed data with respect to the 37 
assumptions on the different parameters. If the factor is smaller than one, it will enhance the impact 38 
of evidences, otherwise the prior will have a stronger influence on the estimation. Once this 39 
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comparison is done, the proposed values are either kept and used as a starting point for the next 1 
iteration, or a new set of parameters is proposed based on the previous one. This way, at the end 2 
of the process, the algorithm outputs a distribution for each parameter, rather than converge 3 
towards a value. 4 
 5 
The duration of the process varies with the number of parameters to estimate. They influence the 6 
number of iterations needed before having a good approximation of the values of interest as it 7 
increases with the complexity of the target functions. Also, the initial value of each parameter and 8 
the starting function are of paramount importance to make the procedure faster.  9 
 10 
Duration constraint 11 
Following this procedure, we assess the possibility of using utility-based functions, their 12 
advantages and limitations. Specifically, the first problem is that utility functions have usually 13 
many parameters, meaning that the MCMC is likely to over-fit the data and provide a poor 14 
estimation of the mobility demand. In this section, we introduce a constraint that considers activity 15 
duration to reduce this problem. Another possibility could be to use simplified probability 16 
functions – such as the Gaussian distribution - that have a lower number of parameters. However, 17 
this simple distribution cannot capture complex human behavior. 18 
 19 
 20 
(a) 21 
 22 
(b) 23 
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 1 
(c) 2 
FIGURE 2 (a) Reference demand (b) Gaussian decomposition (c) Utility decomposition 3 
In order to support this point, we first compare the utility-based model and the Gaussian 4 
distribution on a synthetic aggregated demand. In order to form this reference, we considered three 5 
home-based tours: work related, maintenance i.e. not recreational personal trips, and leisure. The 6 
synthetic demand is made using the formulation described above. The assumption that the demand 7 
is formed this way creates a realistic curve and permits the evaluation of MCMC limitations in the 8 
framework of tours. Indeed, we see that on such an experiment, a Gaussian distribution still gives 9 
an overall better fitting. Figure (2) shows the reference (black), starting estimation (blue) and final 10 
estimation (red), all other curves are activity specific. We can see there that after 10 000 repetitions, 11 
the procedure seems to give good results and the output is very similar to the reference one. 12 
However, in spite of the good general representation of the demand, the Gaussian functions 13 
represent only in a simplistic way the complexity of departure time choice and participation to 14 
activities as can be seen by the six individual primitives. The two parameters of this distribution, 15 
the variance ‘𝜎’ and the mean ‘𝜇’, are only partially representative of the departure time and its 16 
dispersion. All curves have the same shape, which is extremely regular and cannot reproduce the 17 
heterogeneity of the demand. As for the second model, even though the computation time is 18 
slightly higher because of the double number of parameters, it is preferable not only because it 19 
uses inherently the utility function but also because the curves have a more realistic shape with 20 
respect to the temporal distribution of trips. Nevertheless, one can observe the deficiency of the 21 
method and an upgrade of the model is required to adequately reproduce mobility choices. We 22 
believe that removing degrees of freedom to the system is necessary to avoid considering 23 
unrealistic solutions. As a matter of fact, the two departure times of a tour are not correlated and 24 
there is no link between the estimation of the probabilities coming out from the same trip chain. It 25 
is clear that considering the curves separately is a strong weakness as it omits that duration of 26 
activities at destination influence the departure time of following trips.  27 
In order to correlate two curves, the most straightforward solution is to insert a minimal duration 28 
for each activity type. It is important to stress that the proposed constraint works only as lower 29 
bound. For instance, if a minimum duration of 6 hours for activity work is considered, users can 30 
still spend a longer time without any penalty.  31 
To implement this constraint, the departure times intervals are considered as pairs: one for going 32 
to do the activity and the other one to leave the place where the activity was performed. The joint 33 
probability of departure is still estimated through the Logit model. In this case, an even more 34 
particular care has to be given to the parameter 𝛼𝑛 because it influences the tie between the two 35 
curves of a tour. In case of an inappropriate prior, the results can become implausible.  36 
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 1 
 2 
FIGURE 3 Decomposition with the duration constraint 3 
 4 
TABLE 1 Result parameters of the synthetic experiment 5 
 Parameters 𝑼𝒏
𝒎𝒂𝒙 𝜶𝒏 𝜷𝒏 𝜸𝒏 Demand 
Tour 1 
Reference  900 000 
Estimated  820 713 
Home 
Reference 10 250 0.01 1  
 Estimated 9.59 618 0.008 1.11 
Work 
Reference 10 650 0.01 1 
Estimated 9.83 650 0.02 1.27 
Home 
Reference 10 1200 0.02 1 
Estimated 11.01 1257 0.02 0.74 
Tour 2 
Reference  700 000 
Estimated  612 943 
Home 
Reference 10 250 0.01 1  
Estimated 9.59 199 0.008 1.11 
Maintenance 
Reference 10 900 0.02 1 
Estimated 10.27 864 0.02 1.13 
Home 
Reference 10 1400 0.02 1 
Estimated 9.95 1417 0.02 1.06 
Tour 3 
Reference  600 000 
Estimated  599 583 
Home 
Reference 10 250 0.01 1  
Estimated 9.59 199 0.008 1.11 
Leisure 
Reference 10 1000 0.06 1 
Estimated 9.17 995 0.05 0.91 
Home 
Reference 10 1600 0.02 1 
Estimated 8.19 1501 0.03 1.07 
 6 
We can see here that the model gives very good results and that pairs of curves are very close to 7 
the synthetic reference. Furthermore, table (1) shows that the parameters are very well 8 
approximated. Introducing the duration constraint brings us to a new level of detail where 9 
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secondary activities are well represented. The improvement in comparison to the first step is 1 
noteworthy. As it is, the model can be applied to different kind of input, and was for example tested 2 
with CDR data. However, for comparison purpose, a validation with synthetic data containing 3 
information about activity is described in the following section.  4 
 5 
CASE STUDY (VALIDATION) 6 
 7 
In order to evaluate the methodology with real-world data, we use a synthetic dataset produced for 8 
a Luxembourgish case study (36) based on a travel survey collected in Belgium in 2008 (37) and 9 
the ellipses methodology (38). The model we use as reference gives us the output of a gravity 10 
model accounting for the activities. Obviously, a hurdle in comparing these data with MCMC’s 11 
output is that the gravity model provides attracted and generated trips according to purpose, while 12 
the proposed approach retrieves tours based on the overall OD flows. However, the main 13 
components are similar i.e. activities, daily demand, traffic zones.  14 
 15 
Environment and dataset 16 
The study area is the city of Luxembourg and its surrounding which together are divided in 22 17 
zones (Figure 4a).  18 
 19 
 
(a) 
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(b) 
FIGURE 4 (a) Luxembourg city and zones (b) Demand profile according to “Enquête 
Luxmobil 2017” 
As explained in the previous section, the first parameter to choose is the number of handled 1 
activities. The available database recognizes 7 activities (Home, work, school, shopping, drop off/ 2 
pick up, leisure, eat and other) which we cluster in order to obtain three groups. Assemble trip 3 
purposes together is a way to increase the number of observations by family of activities while 4 
reducing the number of necessary functions to evaluate. The drawback is that a cluster of activities 5 
typically have a less significant profile. Nevertheless, the total estimated demand being lower than 6 
the full signal, we assume the underestimation to represent these secondary activities which are 7 
harder to brand or pull away from the characteristic distribution. 8 
 9 
In order then to have a usable signal as input of the algorithm we consider the complete dynamic 10 
OD matrix, without information about the activity type. Evidences used for evaluating the 11 
likelihood of the MCMC are composed of both the attracted and generated trips to (conversely 12 
from) a zone. We assume indeed that the destination of the first trip of a tour will be the origin of 13 
the next trip and vice versa. To take this fact into consideration, the total demand added here is 14 
halved afterwards as two trips amount to one tour and so to one individual car. 15 
The time space considered is a full day, from 0h to 24h with a one-hour interval. 16 
 17 
Hypotheses of the model 18 
To take advantage of the MCMC and boost the performances of the algorithm, we need a number 19 
of hypotheses for starting the model. As mentioned before, the considered tours are only home-20 
based and three activities are considered. A first assumption is that the complete demand is a 21 
summation of the six estimated curves. With respect to the presented methodology, some additional 22 
hypotheses need to be specified.  23 
 24 
Prior information 25 
A prior following a normal distribution is selected for 𝑈𝑛
𝑚𝑎𝑥, 𝛼𝑛 and 𝛾𝑛. It means that we know 26 
the value of the parameter should be close to already known points. This precision is dulled by the 27 
variance which is also selected for each prior. In the case of 𝛽𝑛, the parameter can oscillate between 28 
an upper and a lower bond over the iterations. An initial set of values is carefully selected to fit all 29 
the zones. The starting point is only scaled by the total number of trips in the zone as available in 30 
the input.  31 
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 1 
The demand is the only parameter which varies from one zone to the other. The overall volume is 2 
rounded, in order to fit better both attracted and generated trips and split with respect to a priori 3 
proportions between work-related, maintenance or leisure trips. For simplicity, the same 4 
proportions are taken for every zone and values are an estimation based on a national travel survey 5 
conducted by the Luxembourgish Government in 2017 (Figure 4b).  This prior also has a standard 6 
deviation, which means that values proposed during the MCMC can exceed the starting number. 7 
To avoid an overestimation of the total demand, 10% of the initial data is subtracted at the 8 
beginning of the process. The obtained value is applied for the two correlated curves of a same 9 
tour. 10 
 11 
The duration constraint necessary for linking the two function together have been derived from the 12 
features “popular times” and “visit duration” from Google. An average of minimal typical stay in 13 
a selection of major POIs’ inside the study area gives the results presented in table (2). The minimal 14 
duration for work instead derives from (33), as such activity is harder to qualify this way. 15 
 16 
Algorithm parameters 17 
In this application, the likelihood parameter reduces the influence of the observed values to avoid 18 
overfitting the data. The MCMC is able to reproduce the signal in any way, even if it means going 19 
away from the provided a priori information. In contrast, and because the proposed model offers a 20 
strong behavioral interpretation, we aim at accentuating the prior’s effect.  21 
 22 
Because the data are not as smooth as in the synthetic experiment, a higher number of iterations is 23 
required to achieve good results and we stop the MCMC after 50 000 run of the algorithm. This 24 
number on the one hand offers good approximation and before everything stable results, on the 25 
other hand it remains in an acceptable computation time. For this case study of a 24 hours signal, 26 
we estimated the four parameters of six curves in an average of 40 minutes per zone. It is important 27 
to remind that the different zones can be calculated in parallel.  28 
 29 
The last parameter to be chosen is extremely important because it impacts the whole MCMC 30 
process. The threshold value represents the degree of acceptance of the proposed set of parameters. 31 
 32 
TABLE 2 Parameters of the MCMC 33 
  Work Maintenance Leisure 
𝑈𝑛
𝑚𝑎𝑥 
initial value 10 
𝜇 10 
𝜎 0.5 
𝛼𝑛 
initial value [250; 850; 1275] [400; 900; 1300] [300; 725; 1225] 
𝜇 [250; 850; 1275] [400; 900; 1300] [250; 725; 1225] 
𝜎 10 
𝛽𝑛 
initial value [0.2; 0.02; 0.02] [0.2; 0.06; 0.04] [0.02; 0.02; 0.02] 
Upper [0.2; 0.02; 0.02] [0.2; 0.06; 0.04] [0.02; 0.02; 0.02] 
Lower 0.05 
𝛾𝑛 
initial value 1 
𝜇 1 
Scheffer, Bandiera, Cantelmo, Cipriani, Viti  14 
 
𝜎 0.25 
Demand 
Proportion 50% 30% 20% 
𝜎 10 
Minimal duration (min) 360 25 90 
Likelihood factor 100 000 
Number of iterations 50 000 
Threshold 0.002 
 1 
Results 2 
The results of the 22 zones fluctuate with the type of distribution of the demand by activity type. 3 
For the sake of simplicity, all zones were subject to the same procedure, all with the same 4 
parameters from table (2). 5 
 6 
Dynamic estimation 7 
The first indicator to evaluate the capacity of the methodology in reproducing the demand is to see 8 
how, from the starting curves and observed signal, the algorithm was able to reproduce the global 9 
daily demand. The easiest indicator is the difference, hour by hour, between the obtained data and 10 
the real distribution for a zone, without looking at the activity types. The following figure (Figure 11 
5a) shows the average on all the zones of the estimation error along the day.  12 
  
(a) (b) 
FIGURE 5:(a) Error for all zones by time of the day (b) Error by size of the zone 
We can see here that the model performs well in the afternoon but is not able to reproduce the 13 
edges of the demand. This is due to the chosen form, which does not insert a tail in the function. 14 
Indeed from 11 PM until 4 AM, almost 100% of the demand is missing. The performance for the 15 
morning peak is interesting because the MCMC can estimate extremely well the 8AM-9AM peak 16 
but not the periods just before and after. If we look closer at the results, zone by zone, it appears 17 
that these two periods are underestimated, it means that the model considers a peak which is 18 
usually too sharp with respect to the actual demand.  19 
 20 
In the majority of other time intervals, the error is due to an overestimation for most of zones. 21 
Figure (5b), shows that the error decreases significantly with an increasing number of observations 22 
and so that MCMC is less adequate for small zones. These two considerations confirm that the 23 
model is well adapted for estimation of time periods and zones where we can observe a large 24 
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number of trips.  1 
 2 
Zonal improvement from starting point 3 
Other parameters influence the quality of the results. For example, if the first estimation is already 4 
wrong for a zone, the resulting curve will also have the highest errors. Nevertheless, in the 5 
estimation all cases have a considerable improvement of the daily error with respect to the starting 6 
point as the following figure (Figure 6) shows for zone 1 to 22. 7 
 8 
 9 
 
FIGURE 6 Improvement of the error between starting point and estimation 
Once we validated the global ability of the model to reproduce the daily signal, we used the real 10 
data from Luxembourg to estimate, on an activity point of view if the inferred trip-purpose are 11 
rightly correlated to the data. To do so, four zones are selected as example because they offer a 12 
good overview of the different types of zones and quality of results obtained. 13 
 14 
 Belair (Zone 2) asymmetric demand (evening peak more evident) and high number of trips; 15 
 Cents (Zone 7) typical demand, with two peaks a hump at midday with an average number 16 
of trips; 17 
 Findel (Zone 14) very sharp demand with three peaks and a very low number of trips; 18 
 Bertrange (Zone 16) more atypical demand with an average number of trips; 19 
 20 
On the following figure, we can see the real demand: the blue curve, the starting point: the black 21 
curve and the final estimation: the red curve.  22 
 23 
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(a) (b) 
  
(c) (d) 
FIGURE 7 Estimated decomposition of (a) zone 2 (b) zone 7 (c) zone 14 (d) zone 16 
 1 
Zones 2 and 7 have a shape which represent a good part of the 22 zones. We can see on figures (7a 2 
b) that the model was able to reproduce these, based on the probability functions as defined in the 3 
previous section. The results of zone 16 let us think that the model is flexible enough to answer to 4 
a more unusual signal. In opposition, zone 14 corroborates the weakness when too few 5 
observations are available.  6 
 7 
As we can see, no matter the shape of the global demand, the proposed model gives parameters 8 
defining a complete curve very close to the original one. However, some of the zones do not obtain 9 
a strong improvement with respect to the initial demand. In order to go forward with the evaluation 10 
of the results, we separated the zones in two groups, based on a threshold estimated with respect 11 
to the calculated mean square error. Concretely, five zones with an improvement higher than 20% 12 
in the first curve of work-related trips are put apart. This activity is indeed typically well-13 
represented and has a steady distinctive shape, for all zones.  14 
 15 
Activity identification 16 
For comparing the reference data to the output of the model, the estimated demand has been 17 
separated depending on whether the first curve is attracted and the second generated or vice versa. 18 
A likelihood was calculated for all alternatives and the highest value was selected. All eight 19 
combinations of attraction and generation are calculated and the mean square error allows to decide 20 
on the most suitable solution. Only the first curve of the tour is considered for this step and 21 
compared with the real attracted and generated data. Once the type is selected the opposite is 22 
allocated to the second curve, in order to reproduce the consistency of the tour. The following 23 
figure (Figure 8) shows the comparison of the six estimated curves with respect to the reference 24 
data for both groups of zones. We can see that the good zones have a better improvement for all of 25 
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them and that most of the activities’ identification ends up with the same range of error.  1 
 2 
 
FIGURE 8 Absolute error improvement for the six curves for two groups of zones 
In addition, figures (9) shows that if the MCMC is able to reproduce well the function of work 3 
then the model is also able to reduce the deterioration for activities which are less recognized, 4 
which is a strong improvement. This is usually the case when the error is already low at the starting 5 
point, i.e. when the prior is well-defined. That observation accentuates the importance that has to 6 
be given in the selection of the prior.  7 
 
FIGURE 9 Improvement rate by curve for two groups of zones 
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 1 
One of the five aforementioned zones is the city center of Luxembourg, for which the improvement 2 
was very high for most of the activities. The example of the real demand in the area gives an insight 3 
on the estimation of the side activities. 4 
 5 
  
(a) (b) 
FIGURE 10 (a) Reference demand by activity type (b) Decomposition resulting from 
MCMC 
A look to the reference data (Figure 10a) shows the obvious complexity of demand modeling for 6 
other activities than work. Indeed, a group of many “flat” functions are inconvenient for such a 7 
model. Nevertheless, if no uniform function can reproduce the base in that study, the significative 8 
peaks are identified during the MCMC and the improvement with respect to the starting point is 9 
solid. On the last figure, the pink curve represents activity work, orange is maintenance and bue 10 
leisure. The green line is in this case the generation for activity home. We can see that the results 11 
are close to the real data but mostly overestimated. This is due to the fact that we consider 100% 12 
of one tour type being either attracted or generated, and the comparison is done with the adequate 13 
portion. This unique example highlights the complexity of defining specific attributes when 14 
limiting dramatically input data. 15 
 16 
 CONCLUSION 17 
 18 
In this paper we propose a model based on advanced sampling methods, specifically MCMC, in 19 
order to determine activity types based on traffic signal. Its specifications are based on a departure 20 
time choice model derived from the utility associated to the participation to given activities. The 21 
concept of tour is handled by the combined estimation of two curves, each of them associated to 22 
one trip, and the integration of a duration constraint. A synthetic experiment offers extremely 23 
positive results in activity identification. In order to validate the methodology with real data, the 24 
proposed model was tested on a Luxembourgish case study, with dynamic OD flows. The MCMC 25 
as defined shows interesting results for dividing an aggregated demand in activity-specific flows. 26 
Despite the complex shape of the signal, the utility-based probabilities prove to be adequate for 27 
reproducing a whole day signal. This property is more valid when the number observation is high 28 
enough. Inserting strong constraints on the probability form allows to have a better interpretation 29 
of the results. These constraints also make the model unable to reproduce distributions being away 30 
from their inherent form, like uniform demands. Indeed, results confirms the strong impact of the 31 
prior. This means that for better results, distinct sets of prior’s parameters could be chosen for 32 
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different zones. Nonetheless, as the probability curves are calculated with the current model, the 1 
results when combined with the actual dynamic OD matrices, can give a useful interpretation to 2 
the flows. 3 
 4 
However, when the distributions are not typical enough or when a zone does not have a strong 5 
residential or conversely business district type for example, it is extremely hard to distinguish 6 
generated from attracted trips. It is indeed clear that a zone will both be a destination to work for 7 
a certain amount of people and the origin for another part of the population. An improvement of 8 
the model would be to evaluate a convolution of the two type of sequences for each tour and each 9 
zone. This aspect requires to have more specific data about the area or a richer input signal. 10 
 11 
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